Introduction
What drives real interest rates? In recent years, this question has received renewed attention because of unusually low interest rates across the developed world. Traditional explanations of real rate variation generally fall into two broad categories. The first is changes in the expected growth rate of the economy, which may occur because of supply-or demandinduced shifts in productivity growth (e.g. Summers (2015) ; Gordon (2015) et al. (2016) ). The second determinant of real rate variation is precautionary savings, which may vary due to changing uncertainty about the future or changing aversion to uncertainty (e.g. Hall (2016) , Cochrane (2016) ). In this paper, we provide evidence from the stock market showing that the precautionary savings channel has historically played a major role in driving real interest rates. Moreover, we provide evidence that variation in aversion to uncertainty is a central reason that the economy's desire for precautionary savings is itself moving around.
Understanding what drives variation in the real rate -a key asset price for consumption, investment, and savings decisions -is fundamental to finance and macroeconomics. The precautionary savings motive, in turn, is important for understanding the origins of business cycles, the effectiveness of conventional and unconventional monetary policy, and firms' cash holdings.
1 Measuring variation in the precautionary savings motive is a difficult challenge.
The standard approach relies on estimating volatilities of income or consumption and relating them to investment and savings decisions (e.g. Carroll and Samwick (1998) ; Lusardi (1998) ; Banks et al. (2001) ; Parker and Preston (2005) ).
Our key empirical innovation is to use the cross section of stock market valuation ratios to shed light on the strength of the precautionary savings motive at a given point in time. In particular, we proxy for the strength of the precautionary savings motive with investors' attitudes towards volatility, as measured by the difference in book-to-market ra-tios between stocks with low volatility and stocks with high volatility (henceforth "Vol-BM spread"). Relying on asset prices is advantageous because they automatically aggregate over different agents in the economy and are available at a much higher frequency than income or consumption. Asset prices are also unique in that they allow us to estimate investors' willingness to pay to avoid volatility at a given point in time.
We begin by establishing several novel empirical facts about the relationship between real rates and the cross section of stocks. First, we show that the book-to-market spread between high and low volatility stocks is strongly correlated with the real rate, measured as the 1-year Treasury bill rate net of survey expectations of 1-year inflation. The relationship is strong in both levels and changes and is strongly economically significant. The headline result of the paper is that the Vol-BM spread explains 37% of the variation in the real rate.
Our emphasis on the cross section is important, as the valuation of the aggregate market has little explanatory power for the real rate. Our particular focus on equity volatility is also critical. Real rate variation is not explained by valuation-ratio spreads generated from sorting stocks based on size, value, duration of cash flows, cash flow beta or CAPM beta -all characteristics that are known to describe the cross section of stock returns.
2 Furthermore, the ability of the Vol-BM spread to explain real rate variation remains after we account for changes in macroeconomic uncertainty (e.g., total factor productivity volatility) and changes in survey expectations of macroeconomic growth.
We then delve deeper into what drives the relationship between the real rate and the Vol-BM spread. Standard present value identities point to two possible explanations. Changes in the Vol-BM spread must reflect either differential changes in expected cash flow growth or differential changes in expected returns between low-and high-volatility stocks. In other words, the real rate may correlate with the Vol-BM spread because it loads on factors that drive expected cash flow growth or factors that determine expected returns. The data points to expected returns, as the real rate forecasts future returns on a portfolio that is long low volatility stocks and short high volatility stocks. This fact implies that the factors driving expected returns on volatility-sorted portfolios also drive real rate variation.
Taken together, these pieces of evidence paint a clear picture. The book-to-market spread between low and high volatility stocks captures the compensation investors' demand for bearing uncertainty, and thus their demand for precautionary savings. The relationship between the Vol-BM spread and the real interest rate thus implies that variation in precautionary savings drives movements in the real rate.
We next explore why investor compensation for bearing uncertainty varies over time.
Changes in expected returns must reflect either changing investor aversion to volatility or changing quantities of volatility. We look for evidence that the real rate is correlated with changing quantities of risk and find none. Real rates are not consistently contemporaneously correlated with the difference in realized volatilities of low-and high-volatility stocks or the realized volatility of the aggregate stock market. Furthermore, real rates do not forecast realized volatility of volatility-sorted stocks or the realized volatility of the aggregate stock market. Finally, the forecasting power of the real rate for returns on the long-short portfolio sorted on volatility is not impacted by controlling for volatility itself. These results suggest that variation in the precautionary savings motive, and thus variation in the real rate, is driven by changing investor aversion to volatility rather than changing quantities of volatility.
In summary, we present novel empirical evidence that time variation in the real rate is strongly correlated with time variation in the cross sectional price of volatility in stocks.
We then write down a model to help rationalize these findings. The model serves two key purposes. First, it provides an explanation for why the valuations of volatility-sorted stock portfolios are informative about the strength of the precautionary savings motive, even though aggregate market valuations are not. Second, it allows us to understand whether the magnitudes of the correlations we observe in the data are reasonable.
In the model, idiosyncratic risk is priced, because markets are segmented and investors are imperfectly diversified, consistent with the empirical link between household income risk and idiosyncratic stock return volatility (Herskovic et al. (2016) ), and employees' bias towards their own employer's stock in 401(k) plans (Benartzi (2001) ). Investors derive utility from consumption relative to slowly-moving habit (Campbell and Cochrane (1999); Menzly et al. (2004) ), generating volatile and predictable stock returns as in the data. Investors are borrowing-constrained, so the real risk-free rate is determined by whoever values the riskfree asset most highly, which will typically be investors with highly uncertain consumption streams and strong time-varying precautionary savings motives. A decline in high-volatility consumers' consumption relative to habit raises risk premia and drives down prices of highvolatility stocks relative to low volatility stocks. Simultaneously, this consumption decline increases the risk aversion and precautionary savings motives of marginal savers, driving down the risk-free rate. Book-to-market ratios and expected excess returns for low-minushigh-volatility stocks hence fall at the same time as the risk-free rate. Because marginal investors in the risk-free asset are different from marginal investors of the majority of stocks, the risk-free rate is close to uncorrelated with the aggregate book-to-market ratio, as in the data. In a calibrated version of the model, the relationships between the real riskfree rate, the Vol-BM spread, and future low-minus-high-volatility equity excess returns are quantitatively consistent with the data.
Finally, we consider several alternative models that are consistent with the channel favored by our empirical evidence, generating time-varying attitudes towards volatility and precautionary savings.
Our paper is related to several strands of the literature. On the asset pricing side, it is related to the literature studying the pricing of idiosyncratic risk in the stock market (Ang et al. (2006b (Ang et al. ( , 2009 Johnson (2004); Fu (2009); Stambaugh et al. (2015) ; Hou and Loh (2016) ; Herskovic et al. (2016) (Laubach and Williams (2003) ; Cúrdia et al. (2015) ), that uses either using long-term historical data or dynamic stochastic equilibrium models. Similarly, Hartzmark (2016) uses estimated changes in expected macroeconomic volatility over time to argue that precautionary savings, driven by changing quantities of risk, is an important driver of real interest rates.
3 In contrast, our approach pins down variation in the precautionary savings motive by using information from the cross section of stocks. Using a stock market based measure of precautionary savings allows us to provide new evidence on the relation between the real rate and the price of idiosyncratic volatility.
The remainder of this paper is organized as follows. Section 2 describes the data and portfolio construction. Section 3 presents the main empirical results. Section 4 describes the model and shows that it can replicate the empirical findings. Section 5 discusses alternative explanations for time-varying attitudes towards volatility. Finally, Section 6 concludes.
Data
We construct a quarterly data set running from 1973 to 2008. The data set begins with the addition of AMEX stocks to COMPUSTAT and ends in 2008 to avoid problems with statistical inference arising from the fact that real rates have essentially been constant since 3 We do not find a significant relation between variation in volatility itself and the real rate. While this might at first appear in contrast with Hartzmark (2016), we note that our empirical sample is substantively different. We estimate precautionary savings during normal business-cycle fluctuations, while Hartzmark (2016) includes data from the 1930s, when both interest rates and uncertainty experienced very large swings. We can therefore reconcile the results in this paper with Hartzmark (2016) if precautionary savings and the quantity of volatility are unrelated during normal times, but move together during rare episodes of extreme economic fluctuations.
2008. We provide full details of all of the data used in the paper in a separate Data Appendix.
Here, we briefly describe the construction of some of our key variables.
Construction of Key Variables

Valuation Ratios
The valuation ratios used in the paper derive from the CRSP-COMPUSTAT merged database.
At the end of each quarter and for each individual stock, we form book-to-market ratios.
The value of book equity comes from COMPUSTAT Quarterly and is defined following Fama and French (1993) . We assume that accounting information for each firm is known with a one-quarter lag. At the end of each quarter, we use the trailing six-month average of market capitalization when computing the book-to-market ratio of a given firm. This smooths out any short-term fluctuations in market value. We have experimented with many variants on the construction of book-to-market, and our results are not sensitive to these choices.
Volatility-Sorted Portfolio Construction
At the end of each quarter, we use daily CRSP stock data from from the previous two months to compute equity volatility. We exclude firms that do not have at least 20 observations over this time frame. This approach mirrors the construction of variance-sorted portfolios on Ken French's website (e.g., Ang, Hodrick, Xing, and Zhang (2006a) ). We compute each firm's idiosyncratic volatility using the residuals from a regression of ex-dividend firm returns on the Fama and French (1993) factors. We prefer to use idiosyncratic volatility as opposed to total volatility because it strengthens the argument that our results are not driven by exposure to well-known equity risk factors. That said, our results are essentially unchanged if we use total volatility.
At the end of each quarter, we sort firms into quintiles based on their idiosyncratic volatility. At any given point in time, the valuation ratio for a quintile is simply the equalweighted average of the valuation ratios of stocks in that quintile. One of the key variables in our empirical analysis is the Vol-BM Spread, the difference between the average bookto-market ratio of stocks in the lowest quintile of idiosyncratic volatility and the average book-to-market ratio of stocks in the highest quintile of idiosyncratic volatility.
Quarterly realized returns in a given quintile are computed in an analogous fashion, aggregated up using monthly data from CRSP.
The Real Rate
The real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. We choose a short maturity interest rate, because at this horizon, inflation risk is small, and inflation risk premia are unlikely to affect our measure of the risk-free rate. Table 1 contains basic summary statistics on our volatility-sorted portfolios. The first thing to notice is that, on average, the Vol-BM spread is negative; that is, low volatility stocks have lower book-to-market ratios than high volatility stocks. However, as Fig. 1 shows, this masks considerable variation in the Vol-BM spread. Indeed, the standard deviation of the Vol-BM spread is bigger in absolute value than its mean. This variation is at the heart of our empirical work.
Summary Statistics
Returns on the low-minus-high volatility portfolio are highly volatile, with an annualized standard deviation of 29.75%. While high-volatility stocks in our sample have high bookto-market, the quintile of the most volatile stocks on average has excess returns that are 1.32 percentage points lower than for the lowest-volatility quintile. This is the well-known idiosyncratic volatility puzzle of Ang et al. (2006b) and Ang et al. (2009) . A number of explanations have been proposed in the literature, ranging from shorting constraints (Stambaugh et al. (2015) ) to the convexity of equity payoffs (Johnson (2004) ). In contrast to those papers, which focus on the average level of returns, our focus is the time-variation in low-minus-high volatility stock returns and valuations. While we do not aim to resolve the volatility puzzle, we show that the empirically observed low-minus-high volatility excess returns occur in 14.9% of simulated model sample paths with a sample size the same as the data.
The second-to-last row of Table 1 shows that high-volatility portfolios load onto the SMB factor, consistent with highly-volatile stocks being smaller on average. Since small stocks are more likely to be traded by individuals rather than institutions (Lee et al. (1991) ), it is particularly plausible that investor clienteles for these stocks are segmented, which would strengthen the argument for a link between idiosyncratic volatility and investors' desire for precautionary savings. Given the factor structure of volatility-sorted portfolios, one might be concerned that our results are driven by exposure to Fama-French factors. For this reason, we show that all return predictability results are robust to controlling for contemporaneous Fama-French factor returns.
Empirical Results
Valuation Ratios and the Real Rate
We begin by documenting the strong empirical relationship between the real rate and the book-to-market spread between low and high volatility stocks. Specifically, we run regressions of the form:
where the Vol-BM spread is the difference in book-to-market valuations between low and high volatility stocks. Because both the real rate and the Vol-BM spread are persistent, we compute standard errors in multiple ways. Specifically, we compute both Hansen and Hodrick (1980) and Newey and West (1987) standard errors using 12 lags and report the more conservative t-statistic.
Column (1) of Table 2 shows a strong positive correlation between the real rate and the Vol-BM spread. When market valuations are high, book-to-market ratios are low. Thus, the Vol-BM spread is high when the valuations of high volatility stocks are large relative to low volatility stocks. Column (1) of Table 2 therefore indicates that the real rate tends to be high when investors favor high volatility stocks. Conversely, the real rate tends to be low when investors are averse to high volatility stocks. This is the first piece of suggestive evidence that the Vol-BM spread captures variation in precautionary savings motives.
The magnitude of the effect is large in both economic and statistical terms. A onestandard deviation increase in the Vol-BM spread is associated with a 1.18 percentage point increase in the real rate. This is significant relative to the standard deviation of the real rate, which is 1.94 percentage points. The R 2 of the univariate regression is 37%, indicating that the Vol-BM spread explains a meaningful fraction of variation in the real rate. Fig. 2 makes this point visually, plotting the time series of the real rate against the fitted value from regression in Eq. (1). The figure also shows that the regression is not driven by outliers -the Vol-BM spread tracks all of the major variation in the real rate since 1970. Fig. 3 displays the same evidence in a scatter plot. The relationship between the real rate and the book-to-market spread is robust and approximately linear throughout the distribution.
Column (2) of Table 2 shows that our focus on the cross section of stock valuations is important. There is no relationship between the book-to-market ratio of the aggregate stock market and the real rate. This is not just an issue of statistical precision; the economic magnitude of the point estimate is much smaller as well: a one-standard deviation increase in the aggregate book-to-market ratio is associated with a 49 basis point increase in the real rate. In column (3) of Table 2 , we show that the statistical significance and even the magnitude of the Vol-BM slope coefficient are unchanged when controlling for both the aggregate book-to-market ratio and expected GDP growth from the Survey of Professional Forecasters. We include a measure of expected GDP growth because standard macroeconomic theory suggests that the real interest rate and expected growth should positively comove. If any-thing, expected GDP growth enters with the wrong sign, even though the magnitude of the estimated coefficient is small and measured imprecisely. The main takeaway is that the relationship between the real rate and the Vol-BM spread is stable throughout all of these regression specifications.
In Table 3 , we rerun the same analysis in changes rather than levels. This helps to ensure that our statistical inference is not distorted by the persistence of either the real rate or the Vol-BM spread. Because changes in these variables may still be autocorrelated, we again compute both Hansen and Hodrick (1980) and Newey and West (1987) standard errors using six lags and report the more conservative t-statistic. Columns (1) to (3) runs our analysis using one-quarter changes, while columns (4) to (6) use four-quarter changes.
Running regression (1) in differences yields very similar results to running it in levels.
As is clear from Table 3 , changes in the real rate are strongly correlated with changes in the Vol-BM spread. Moreover, the magnitudes and statistical significance of the point estimate on the Vol-BM spread are close to what we observe in Table 2 . In contrast, there is little relation between changes in the real rate and changes in the aggregate book-tomarket ratio and expected GDP growth. Overall, the evidence in Tables 2 and 3 indicate a robust relationship -both in economic and statistical terms -between the real rate and the Vol-BM spread. This is the central empirical finding of the paper, and as we show in later sections, these results stand up to the inclusion of a battery of additional control variables and different regression specifications.
Returns on Volatility-Sorted Portfolios and the Real Rate
We next seek to understand what drives the correlation between the real rate and the Vol-BM spread. At any point in time, the Vol-BM spread simply reflects differences in the valuation of high and low volatility stocks. It is well known that valuation ratios must reflect either expected cash flow growth or expected returns. Thus, the results in Tables   2 and 3 could be driven by growth expectations if the cash flows of high volatility stocks are more sensitive to aggregate growth than the cash flows of low volatility stocks. In this case, the Vol-BM spread may line up with the real rate because it is a good proxy for variation in expected aggregate growth. Alternatively, the Vol-BM spread may be driven by changes in the expected returns of low volatility stocks, relative to high volatility stocks. In this case, changes in the compensation investors' demand for bearing uncertainty, and thus their demand for precautionary savings, is a natural explanation for the observed correlation between the real rate and the Vol-BM spread.
To disentangle these two possibilities, we run simple return forecasting regressions. Specifically, we forecast the return on a portfolio that is long low volatility stocks and short high volatility stocks with either the Vol-BM spread or the real rate. Formally, we run:
where X t is either the Vol-BM spread or the real rate. Table 4 contains the results of this exercise. In Panel A, we set k = 1 and forecast one-quarter ahead returns, while in Panel B
we set k = 4 and forecast four-quarter returns. For regressions with a one-quarter horizon, standard errors are computed using both Newey-West (1987) and Hansen-Hodrick (1980) with five lags, and we report the more conservative t-statistic of the two. For regression with four-quarter horizons, we use Hodrick (1992) standard errors to be maximally conservative in dealing with overlapping returns.
Column (1) of Table 4 Panel A shows that the Vol-BM spread has strong forecasting power for returns on the long-short portfolio. The economic magnitude of the relationship is also strong. A one-standard deviation increase in the spread is associated with a 5.3
percentage point increase in returns on the long-short portfolio. To put this in perspective, the standard deviation of the long-short portfolio is 14.9 percent. Thus, it appears that much of the variation in the Vol-BM spread reflects variation in expected returns, consistent with much of the empirical asset pricing literature (e.g., Cochrane (2011) ).
Column (2) indicates that this forecasting power remains once we control for the contemporaneous realizations of the Fama and French (1993) risk factors. That is, in regression (2), we control for the realized values of the excess return on the aggregate stock market, HML, and SMB at time t + 1. The forecasting power of the Vol-BM spread survives the inclusion of these controls, suggesting that we are not just picking up the power of the spread to forecast the Fama-French factors -our focus on volatility sorted portfolios is important.
However, the magnitude of the coefficient in column (2) is smaller than that in column (1).
This reflects the fact that both the Vol-BM spread and the real rate have some forecasting power for excess returns of small stocks (SMB).
Column (3) of Table 4 Panel A makes the connection between the real rate and timevarying expected returns on the volatility-sorted portfolio directly. It demonstrates that the real rate also strongly forecasts returns on the long-short portfolio. When the real rate is high, low volatility stocks tend to do well relative to high volatility stocks going forward. In contrast, a low real rate means investors require a premium to hold high volatility stocks, as evidence by the fact that these stocks tend to do relatively well in the future. A onestandard deviation increase in the real rate is associated with a 3.9 percentage point increase in returns on the long-short portfolio. Thus, movements in the real rate forecast returns on the long-short portfolio nearly as well as movements in the Vol-BM spread. This implies that the correlation between the real rate and the Vol-BM spread documented in Section 3.1 is largely driven by changes in expected returns, not changes in expected cash flow growth.
Column (4) shows that the relationship between the real rate and returns on the longshort portfolio is weakened when we control for the Fama and French (1993) factors. This again reflects the fact that returns on the long-short portfolio, the real rate, and returns on small stocks (SMB) are all correlated.
Panel B of Table 4 shows that we obtain similar results once we move to an annual horizon. The magnitude of the forecasting power of the real rate is again comparable to the forecasting power of the Vol-BM spread. Taken together, we interpret the forecasting evidence in Table 4 to mean that variation in the expected return spread between high and low volatility stocks captures precautionary savings, and in turn, is strongly correlated with the real interest rate.
In Table 5 , we explore in more depth the relationship between the real rate and the Fama and French (1993) factors. The table shows that the real rate and the Vol-BM spread have little forecasting power for either the aggregate market excess return or value stocks (HML). Again, this highlights the importance of our focus on volatility sorts as a proxy for the strength of the precautionary savings motive. Neither the market excess return nor cross sectional sorts based on valuations (HML) are strongly related to the real rate. In contrast, there is some evidence that the real rate is related to the return spread between small and large market capitalization stocks (SMB). Intuitively, small stocks tend to have high volatility, so the two sorts are somewhat correlated. However, as we discuss further below, the overall evidence suggests that volatility, not size, is the main driver of our results.
Prices versus Quantities of Risk
We next dig deeper into the relationship between the real rate and returns on the long-short portfolio sorted on volatility. Changes in expected returns must reflect either changing prices of risk or changing quantities of risk. In other words, aversion to volatility can be moving around over time or the amount of volatility can be moving around over time. In this section, we look for evidence that the real rate is correlated with changing quantities of volatility.
Finding no such evidence in a variety of different tests, we conclude that the relationship between the real rate and returns on the long-short portfolio sorted on volatility is likely driven by changing aversion to volatility.
We begin by showing that the relationship between the real rate and the book-to-market spread is unaffected by controlling for various measures of contemporaneous volatility. Specifically, we run the regression in Eq.
(1) and add controls for contemporaneous realized volatility. Our first volatility control is the spread in average realized return volatilities between our low volatility portfolio and our high volatility portfolio in quarter t. We compute this variable using daily data. To control for macroeconomic volatility, we include the volatility of TFP growth implied from a GARCH model as in Bloom (2009) . 4 In addition, we control for the realized within-quarter volatility of the Fama and French (1993) , computed using daily data.
The results are presented in Table 6 . Columns (1) to (3) contain the results in levels, while columns (4) to (6) use four-quarter changes. Column (1) shows that there is no relationship between the real rate and the relative realized volatility of high and low volatility stocks.
This suggests that it is unlikely that the relationship we document between the real rate and the Vol-BM spread is driven by changes in the volatilities of our portfolios. Column (2) shows that there is some evidence that the real rate is related to volatility of the aggregate market and volatility of the SMB portfolio. 5 However, this relationship disappears in column (3) when we include the Vol-BM spread. In columns (4) to (6), we obtain similar results when running the analysis in four-quarter changes. The only variable robustly correlated with the real rate is the Vol-BM spread, whereas the volatility variables have little impact.
The quantity of risk also has no ability to forecast excess returns on the long-short portfolio of volatility sorted stocks. In Table 7 , we re-run the forecasting regression from Eq.
(2) and add controls for realized volatility in quarter t. That is, we forecast returns from one-year ahead returns using the current real rate and the current level of volatility.
6
Column (1) shows that the spread in average realized return volatilities between our low volatility portfolio and our high volatility portfolio in quarter t has no forecasting power for returns. Column (2) shows the forecasting power of the real rate remains unchanged when we add this spread in average volatility as a control. In the remaining columns, we run horse races between the real rate and other measures of the quantity of risk: the volatility of TFP growth, the volatility of the market excess return, and the volatilities of the Fama-French factors. None of these measures impacts the forecasting power of the real rate for excess returns on the long-short portfolio of volatility sorted stocks. Column (7) shows a kitchen sink regression where we include all of the quantity of risk measures simultaneously. There is some reduction in the magnitude and statistical significance of the real rate's forecasting power for returns. However, given the results of the univariate horse races in Columns (2) though (6), this likely simply reflects the limited size of the sample relative to the number of covariates in the regression.
Lastly, in Table 8 , we try to forecast volatility directly using either the Vol-BM spread or the real rate. Formally, we run:
where X t is either the Vol-BM spread (Panel A) or the real rate (Panel B). Each column examines a different volatility measure, as specified by the column header. For instance, column (1) examines the spread in average realized return volatilities between our low volatility portfolio and our high volatility portfolio, while column (2) examines realized TFP volatility. The Vol-BM spread does not forecast any of the volatility variables we examine in Panel A. Similarly, in Panel B, we find that the real rate does not forecast any of the volatility measures.
Overall, the results presented in Tables 6, 7 , and 8 suggest that our results are not driven by changes in the quantity of risk. We cannot directly test for time variation in the price of risk. However, our results are most consistent with the idea that the real rate is strongly correlated with time variation in investor aversion to volatility, not time variation in the quantity of volatility.
Alternative Cross-Sectional Sorts
We now explore alternative explanations for the empirical relationship between the real rate and stock portfolios sorted on volatility. Specifically, we examine the possibility that volatility is simply correlated with another characteristic that is more important for explaining the real rate. We sort stocks along a variety of dimensions and form book-to-market spreads based on the sorting variable. For instance, when examining size as a characteristic, we sort stocks in quintiles based on their market capitalization, then compute the difference between the book-to-market ratio of the smallest and the largest stocks. We then run the regression in Eq. 1, relating the real rate to the spread in book-to-market based on each sort.
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The results are displayed in Table 9 . In column (1), we relate the real rate to the spread in book-to-market sorting stocks based on the expected duration of their cash flows. If high volatility stocks simply have higher duration cash flows than low duration cash flows, then their valuations should fall more when real rates rise. 8 This is one sense in which low volatility stocks may be more "bond-like" than high volatility stocks (e.g., Baker and Wurgler (2012)). 9 In this case, a mechanical duration effect could explain our results in Table 2 . To examine this possibility, we follow Weber (2016) and construct the expected duration of cash flows for each firm in our data. We then sort stocks based on this duration measure and calculate the spread in book-to-market between high and low duration stocks. As column (1) 7 We have also explored an alternative method of ruling out alternative explanations based on double sorts. Specifically, we can construct double sorts based on volatility and another characteristic Y. We then construct a Y-neutral book-to-market spread by sorting stocks on volatility within each tercile of characteristic Y. This spread measures the difference in valuations of low volatility and high volatility stocks that have similar values of characteristic Y. In untabulated results, we find that these double sorted book-to-market spreads are still strongly correlated with the real rate.
8 This is a particular version of the broader possibility that our results are driven by reverse causality. Our interpretation is that both real rates and the relative valuations of low-and high-volatility stocks are responding to the same factor, precautionary saving. Alternatively, it could be the case that changes in real rates are driving changes in valuations. In addition to examining alternative cross-sectional sorts, we have examined this possibility by examining monetary policy shocks. In untabulated results, we verify that the relationsihp between the real rate and Vol-BM spread is unaffected by controlling for monetary policy shocks, as identified by Romer and Romer (2004) , Bernanke and Kuttner (2005) ), and McKay et al. (2016) . This gives us some comfort that reverse causality is not driving our results.
9 The alternative sense that low volatility stocks are more bond-like because they are less volatile and idiosyncratic risk matters is exactly what we are trying to capture.
shows, the relationship between this duration spread and the real rate is negative. However, it is insignificant and much smaller in magnitude than the Vol-BM spread.
In columns (2)-(4), we sort stocks based on various measures of traditional "beta". For example, column (2) indicates that the book-to-market spread based on CAPM beta is correlated with the real rate. However, as we show shortly, this mostly reflects the fact that CAPM beta is correlated with volatility. Similarly, in column (3), we sort stocks on the estimated beta of their cash flows with respect to aggregate cash flows. Specifically, cash flow betas are computed via rolling twelve quarter regressions of quarter-on-quarter EBITDA growth on quarter-on-quarter national income growth. EBITDA is defined as the cumulative sum of operating income before depreciation. We require a minimum of 80% of observations in a window to compute a cash flow beta. If high volatility stocks have higher cash flow betas than low volatility stocks, then their valuations should fall more when aggregate growth expectations are low. In this case, our results in Table 2 could be explained by changes in aggregate growth expectations rather than change in the precautionary savings motive. Column (3) shows that the book-to-market based on cash flow betas is not significantly correlated with the real rate. Column (4) sort stocks based on CAPM betas that we compute using long-horizon returns. Specifically, long-run CAPM betas are computed using semi-annual returns over a rolling ten year window. The reference index is the CRSP Value-Weighted index and we require 80% of observations in order to compute a long-run CAPM beta. The idea here is that long-horizon returns are largely driven by cash flow news rather than discount rate news. Thus, long horizon CAPM betas can be viewed as another measure of cash flow beta. Column (4) indicates a positive relationship between the book-to-market spread based on long-run CAPM beta, but the relationship is not particularly strong in a statistical sense.
In column (5), we run a horse-race of all of these various book-to-market spreads against the Vol-BM spread. The main takeaway is that the Vol-BM spread drives out all other measures. In addition, the results in Tables 2 and 9 reveal that the Vol-BM spread delivers far and away the highest explanatory power for real rate variation, at least in terms of the regression R 2 . In Table A .2 of the Online Appendix, we redo the entire analysis in quarteron-quarter changes instead of levels and come to the exact same conclusion -the relative valuation of high and low volatility stocks contains unique information about the real rate.
Model
This section presents a deliberately stylized model to rationalize the empirical findings. Idiosyncratic risk is priced in the model, because markets are segmented and investors are borrowing-constrained. Broadly interpreted, we think of the segmented markets assumption as representing households or professional investors who take concentrated bets in labor and financial markets. While we do not explicitly model why arbitrageurs do not arbitrage away pricing differentials, it is plausible that short-lived and risk-averse arbitrageurs would have limited arbitrage ability, especially for high-volatility stocks that typically have smaller market capitalization (Lee et al., 1991) . Alternatively, Merton (1987) argues that agents' informational differences can drive segmentation in the stock market. Furthermore, segmented stock markets are also consistent with long-standing evidence of home or familiarity bias in individual stock holdings (see Barberis and Thaler (2003) for an overview), which may be either due to superior information or a preference for familiarity.
Endowments and Preferences
To capture the difference between high-volatility and low-volatility stocks, we assume that the economy consists of two Lucas trees, which are uncorrelated and differ only in terms of volatilities of the endowments. A share p H of stocks is of the high-volatility type and a share p L = 1 p H is low-volatility. We use lower case letters to denote logs. Both stocks' log dividends are distributed i.i.d. around a common trend to ensure that the shares of both stocks in the economy are stationary:
We assume that stock markets are segmented. Stock i is priced by agent of type i 2 {H, L}, who receives an endowment consumption stream equal to c i,t . Assuming market segmentation helps us explain the empirical results, because it implies that investoremployees cannot diversify away idiosyncratic consumption risk, which hence generates a precautionary savings motive and is priced into the corresponding stock. In addition, we assume external habit formation preferences (Abel, 1990; Constantinides, 1990; Campbell and Cochrane, 1999; Menzly et al., 2004; Santos and Veronesi, 2010; Wachter, 2006; Lettau and Wachter, 2011) . This model element is key to generating predictable stock returns, as documented in Section 3. Simultaneously, by generating time-varying curvature of the utility function, habit formation preferences also imply that the desire to hold the risk-free asset varies over time. This is the source of time-variation in the risk-free rate in our model. Agent i maximizes the expected discounted sum of log consumption utility relative to habit X i,t :
We define type i surplus consumption and inverse surplus consumption ratios:
We build on the tractable habit dynamics of Menzly et al. (2004) , which generates closedform solutions for both the risk-free rate and equity premia, by assuming that inverse surplus consumption of agent i follows a process of the form:
Habit dynamics are defined implicitly via (7) through (9). The advantage of specification (9) is that it generates closed-form solutions for asset prices, while capturing the essence of Campbell and Cochrane (1999) habit formation. 
Equity Markets
Equities are priced by segmented investor clienteles, with investors of type H trading the high-volatility stock and investors of type L trading the low volatility stock. We obtain closed-form solutions for the price-dividend ratio of stock i:
for positive constants a and b that are given in Online Appendix A. Analogously to Campbell and Cochrane (1999) , when agent i's consumption receives a negative shock that lowers consumption close to habit, surplus consumption S i,t is low. This raises the local coefficient of relative risk aversion G i,t , driving up risk premia on the risky asset traded by agents of type i.
Finally, we define book-to-market ratios as simply as possible. We assume that a fixed fraction of assets are marked to market each year, so the book value represents an exponentiallyweighted moving average of past stock prices. The book-to-market ratio then is computed as
Bond Market
Different investors potentially have different valuations for real risk-free one-period bonds, which are available in zero net supply. The real risk-free rate in the model is pinned down by assuming that agents are borrowing-constrained, so the risk-free rate is bid down to the minimum of investors' indifference points. The risk-free rate takes the tractable form:
The risk-free rate at which investor type i is indifferent about investing in the bond market (14) can either increase or decrease with surplus consumption, depending on whether , the risk-free rate increases with surplus consumption. Intuitively, when surplus consumption is low, investors become more risk-averse over future endowment shocks, inducing them to save for a riskier future. As a result, the risk-free rate declines at the same time as surplus consumption. Alternatively, if
, the risk-free rate is inversely related to surplus consumption. This case captures a consumer who faces only little uncertainty about his future consumption stream. Therefore, a decline in surplus consumption increases the marginal utility of consumption and the desire to borrow. Since volatility for this consumer is low, this effect is not offset by the consumer wanting to save for a riskier future. As a result, the investor wants to borrow, driving up the risk-free rate when surplus consumption is low.
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We assume that for high-volatility investors, the time-varying precautionary savings effect dominates, while for low-volatility investors, the time-varying intertemporal substitution effect dominates. In addition, we assume that on average, the low-volatility type's time-varying intertemporal substitution effect balances the high-volatility type's desire for precautionary savings:
Since high-volatility investors have a stronger precautionary savings motive, they tend to value the risk-free bond more highly. Thus, they are typically the marginal investor in the bond market. In fact, unless low-volatility investors expect exceptionally low consumption growth from this period to the next, the risk-free asset is priced by high-volatility investors. 
Calibration
We calibrate the model to illustrate that the magnitudes of our empirical findings are within the range of reasonable values. Calibration parameters are reported in Table 10 . Most parameters are set to standard values in the literature. We set the discount rate to 0.96, as in Menzly et al. (2004) and the consumption growth rate to 0.03. We set = 10, corresponding to an upper bound for the surplus consumption ratio of 0.1 as in Campbell and Cochrane (1999) . The share of high-volatility stocks is p H = 0.2, corresponding to the top quintile of stocks by volatility in the empirical analysis. We set the standard deviations of consumption volatility to H = 0.02 and L = 0.01, so high-volatility stocks are subject to twice as much volatility as low-volatility stocks, matching the empirical ratio of return standard deviations of high-volatility and low-volatility portfolios. Conditional on these values, we pick the aversion. In the standard endowment economy, the consumption Euler equation is r f,t = log + µ 2 2 2 . If the endowment volatility 2 is sufficiently small, the risk-free rate moves positively with utility curvature . However, if the endowment volatility 2 is large, an increase in utility curvature increases the desire for precautionary savings and leads to a decrease in the risk-free rate.
12 This follows from the observation that at " H,t = " L,t = 0 we have that r f,t = r f,H,t for any values
parameter ↵, which determines the volatility of marginal utility, to match the empirical equity volatility of the aggregate stock market. Finally, we set the mean-reversion parameter  to a small value 0.01 to maximize the persistence of the log price-dividend ratio. We set the decay parameter for mark-to-market to 0.933, corresponding to a half-life of book assets of 10 years, or a depreciation rate of 7%. Finally, we obtain the average inverse surplus consumption ratio from condition (15). Table 11 shows simulated model moments from 1000 simulations of length 36 years, corresponding to our empirical sample size. Model and empirical moments are shown in bold if we cannot reject the null hypothesis that both are equal at the 95% level. The model matches the equity premium, equity volatility, and book-to-market ratio for the aggregate stock market. The aggregate book-to-market ratio is persistent, but less persistent than in the data, despite the low value for , a common problem in these types of habit formation models.
13 The risk-free rate in the model is low and comparably volatile to the data.
The third panel in Table 11 shows that in the model the book-to-market ratios and excess returns of low-volatility stocks are lower than for high-volatility stocks. This might at first seem to contrast with the well-known idiosyncratic volatility puzzle (Ang et al., 2006b (Ang et al., , 2009 ), which finds that low-volatility stocks have historically earned higher returns than high-volatility stocks. In our calibrated model, however, it would not be unusual to observe a positive return comparable to that in the data. In fact, 14.1% of our simulations generate low-minus-high volatility excess returns that are as large as the observed data. In addition, a wide range of additional explanations offered in the literature (Johnson, 2004; Fu, 2009; Stambaugh et al., 2015; Hou and Loh, 2016) may further contribute to the high average excess returns on low-volatility stocks.
The bottom panel of Table 11 shows that the model can generate the empirical relation 13 Due to the convexity inherent in the analytically convenient Menzly et al. (2004) specification of inverse surplus consumption as a mean-reverting process, while stock market valuations are a function of surplus consumption, further decreases in the mean-reversion parameter  do not increase persistence of book-tomarket ratios. Instead, we face a tension in choosing the volatility of innovations to G i,t , because more volatile innovations allow us to match the high volatility of equity returns, but also exacerbate the convex relation between equity valuations and G i,t , thereby driving down the persistence of book-to-market ratios.
between the risk-free rate and the cross section of equity valuations that we find in the data. Regressing the risk-free rate on the aggregate book-to-market ratio yields a small slope coefficient. But regressing the risk-free rate on the book-to-market spread between low-and high-volatility stocks yields a strong positive coefficient. In addition, the risk-free rate forecasts excess returns on the low-minus-high volatility equity portfolio with empirically reasonable magnitudes.
Intuitively, a decrease in high-volatility investors' surplus consumption makes these investors more risk averse, raising risk premia on high-volatility stocks relative to low-volatility stocks and driving down the low-minus-high volatility book-to-market ratio. At the same time, an increase in high-volatility investors' risk aversion increases their demand for precautionary savings and drives down the risk-free rate. This generates a positive relation between low-minus-high volatility book-to-market and the risk-free rate, as in the data. In the model, time-varying discount rates due to habit formation drive most of the variation in equity valuations, analogously to Campbell and Cochrane (1999) , so book-to-market forecasts stock returns. Since the risk-free rate is related to the low-minus-high volatility book-to-market, it then also forecasts excess returns on the low-minus-high volatility portfolio. Finally, the aggregate book-to-market ratio is largely driven by low volatility investors, who represent the largest share of the market, while the risk-free rate is driven by the surplus consumption ratio of high-volatility investors, who tend to be the marginal risk-free bond investors. Thus, the model generates a low correlation between the aggregate book-to-market and the risk-free rate.
Alternative Explanations
The novel empirical results in Section 3 provide clear evidence of time-varying demand for precautionary savings as a significant determinant of time-varying real interest rates. We view the contribution of this paper as distinguishing between broad classes of real interest rate drivers without taking a stand on the exact channel that generates time-varying demand for precautionary savings. The main ingredients of any model that is consistent with our empirical findings are the following. First, idiosyncratic risk must give rise to a precautionary savings motive, so idiosyncratic risk must enter into investors' pricing kernel. Second, the pricing of idiosyncratic risk must vary over time. This can be achieved through habit formation as in Section 4, or through a time-varying distribution of heterogeneous investors as we discuss below. Third, the model must have at least two state variables. This is necessary to match the close relationship between the real rate and the Vol-BM spread, while maintaining no relationship between the real rate and aggregate book-to-market.
To give a sense of the range of explanations that could generate our empirical results, this section discusses alternative explanations for the empirical findings in addition to the model described in Section 4. First, we discuss how shifts in wealth between investors with different levels of risk aversion could generate time-varying precautionary savings motives.
Second, we discuss a model, where consumers care about the volatility of individual goods in their consumption basket, thereby linking idiosyncratic stock returns to precautionary savings even in the absence of any market segmentation.
Investors with Heterogeneous Risk Aversion
While the model in Section 4 generates time-varying real rates from habit formation preferences, shifts in the wealth distribution towards agents who require a higher price of risk may act similarly on stocks and bonds (Yeung Lewis Chan (2002); Hall (2016) ; Barro and Mollerus (2014)). We view this channel as a complementary way of generating time-varying attitudes towards precautionary savings and within the same broad class of drivers for real rate variation as our model. Heterogeneity in risk aversion may arise either because agents have different preferences, or because agents' labor income is idiosyncratic, linking idiosyncratic stock return volatility with the quantity of background risk that individual agents are exposed to. Such a model would be able to match our main empirical result if a relative increase of wealth of investors with high risk aversion or high background risk increases the precautionary savings demand priced into the risk-free rate and the cross-section of stocks.
At the same time, if different agents are marginal for the majority of stocks than for the risk-free asset, aggregate market valuations could be relatively unrelated to the risk-free rate, as in the data.
The literature on heterogenous agents has argued that risk-averse international investors are partly responsible for low interest rates (Caballero et al. (2008) ; Caballero and Krishnamurthy (2009)). To this end, we note that foreign ownership of Federal Treasury debt has increased fairly steadily since the 1970s. The Vol-BM spread, on the other hand, isolates a business-cycle frequency component, indicating that we measure a component of real rates that is different from increasing demand from abroad. Similarly, demographics tend to change more steadily than the component of precautionary savings that we isolate from the stock market.
Good-Specific Preferences
Idiosyncratic stock return volatility may be priced and informative about precautionary savings even in the absence of segmented markets, provided that consumers care about the volatility of individual goods in their consumption basket. To this end, we present and calibrate a representative agent model with good-specific preferences in Online Appendix C.
Building on a long-standing marketing literature (e.g. Pollak (1970)), recent macro-finance research has studied the implications of good-specific habit preferences for asset prices and aggregate dynamics (Ravn et al. (2006) ; Heyerdahl-Larsen (2014); Gilchrist et al. (2015) ; Binsbergen (2016)). Following this literature, we assume that investors do not form habits over an aggregate consumption bundle, but instead get used to individual goods, such as cars, refrigerators, coffee, etc. In this setting, risk aversion over shocks to a volatile good can increase the motive for precautionary savings. When consumption of one good is low relative to habit, the corresponding stock price falls and the risk premium increases. Following an adverse shock to volatile goods' consumption, risk premia on high-volatility stocks relative to low-volatility stocks increase, depressing the low-minus-high volatility book-to-market.
At the same time, investors' demand for precautionary savings increases to insure against future shocks to the volatile good, thereby depressing the real rate and generating positive co-movement between the real real and the low-minus-high volatility book-to-market.
Conclusion
This paper uses the cross-section of equity valuations to provide new empirical evidence for one broad driver of real interest rates: investors' time-varying demand for precautionary savings. Decomposing time-varying demand for precautionary savings into price of risk and quantity of risk, we find strong evidence of time-varying attitudes towards uncertainty, but little evidence of a link between the motive for precautionary savings and time-variation in uncertainty itself. A stylized model of segmented equity markets rationalizes these empirical findings as the result of time-varying risk-aversion of investors with highly volatile consumption streams. The goal of this paper is to distinguish between broad drivers of real interest rates. Our results indicate that future research on models and drivers of precautionary savings is likely to be fruitful. Notes: This figure plots the spread in book-to-market ratios between low and high idiosyncratic volatility stocks. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. The plotted series is the difference in average book-to-market ratios between the low volatility and high volatility portfolios. Data is quarterly and spans 1973Q1-2008Q4. Notes: This figure plots the one-year real rate and the fitted value from a regression of the real rate on the spread in book-tomarket ratios between low and high idiosyncratic volatility stocks. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. The one-year real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Data is quarterly and spans 1973Q1-2008Q4. 1973q1 1973q2 1973q3 1973q4 1974q1 1974q2 1974q3 1974q4 1975q1 1975q2 1975q3 1975q4 1976q1 1976q2 1976q3 1976q4 1977q1 1977q2 1977q3 1977q4 1978q1 1978q2 1978q3 1978q4 1979q1 1979q2 1979q3 1979q4 1980q1 1980q2 1980q3 1980q4 1981q1 1981q2 1981q3 1981q4 1982q1 1982q2 1982q3 1982q4 1983q1 1983q2 1983q3 1983q4 1984q1 1984q2 1984q3 1984q4 1985q1 1985q2 1985q3 1985q4 1986q1 1986q2 1986q3 1986q4 1987q1 1987q2 1987q3 1987q4 1988q1 1988q2 1988q3 1988q4 1989q1 1989q2 1989q3 1989q4 1990q1 1990q2 1990q3 1990q4 1991q1 1991q2 1991q3 1991q4 1992q1 1992q2 1992q3 1992q4 1993q1 1993q2 1993q3 1993q4 1994q1 1994q2 1994q3 1994q4 1995q1 1995q2 1995q3 1995q4 1996q1 1996q2 1996q3 1996q4 1997q1 1997q2 1997q3 1997q4 1998q1 1998q2 1998q3 1998q4 1999q1 1999q2 Notes: This figure plots the one-year real interest rate against the spread in book-to-market ratios between low and high idiosyncratic volatility stocks. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. The one-year real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Data is quarterly and spans 1973Q1-2008Q4. Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Panel A shows summary statistics on the average book-to-market (BM) ratio within each quintile. The Data Appendix contains full details on how we form portfolios and compute book-to-market ratios. Panel B displays summary statistics on the realized excess returns of each quintile (in percentage terms). The ↵ is the (annualized) intercept from a regression of excess returns on the Fama and French (1993) factors. Standard errors are computed via GMM by pooling all portfolios. We allow for withinportfolio heteroskedasticity and cross-portfolio correlations. The mean, volatility, and median returns are all annualized. Data is quarterly and runs from 1973Q1 to 2008Q4. The riskless rate for computing excess returns and quarterly returns on the Fama and French (1993) factors are aggregated using monthly data from Ken French's website. Notes: This table reports regression estimates of the one-year real rate on the spread in book-to-market (BM) ratios between high idiosyncratic volatility and low idiosyncratic volatility stocks (Vol-BM Spread). Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. Vol-BM Spread is defined as the difference in BM ratios between the bottom and top quintile portfolios. Aggregate BM is computed by summing book equity values across all firms and divided by the corresponding sum of market equity values. E [GDP Growth] is expected GDP growth from the Survey of Professional Forecasters. The one-year real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Standard errors are computed using both Newey-West (1987) and Hansen-Hodrick (1980) with twelve lags, and we report the more conservative t-statistic of the two. * indicates a p-value of less than 0.1 and ** indicates a p-value of less than 0.05. Data is quarterly and spans 1973Q1-2008Q4. Notes: This table reports regression estimates of the one-year real rate on the spread in book-to-market (BM) ratios between high idiosyncratic volatility and low idiosyncratic volatility stocks (Vol-BM Spread). Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. Vol-BM Spread is defined as the difference in BM ratios between the bottom and top quintile portfolios. Aggregate BM is computed by summing book equity values across all firms and divided by the corresponding sum of market equity values. E [GDP Growth] is expected GDP growth from the Survey of Professional Forecasters. The one-year real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Columns (1)-(3) run the regression in first differences (i.e. one-quarter changes). Columns (4)-(6) run the regression in quarter-on-quarter differences (i.e. four-quarter changes). Standard errors are computed using both Newey-West (1987) and Hansen-Hodrick (1980) with six lags, and we report the more conservative t-statistic of the two. * indicates a p-value of less than 0.1 and ** indicates a p-value of less than 0.05. Data is quarterly and spans 1973Q2-2008Q4. Notes: This table reports forecasting regressions of portfolios formed on idiosyncratic volatility. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. Vol-BM Spread is defined as the difference in BM ratios between the bottom and top quintile portfolios. Returns in the forecasting regression correspond to the low-minus-high IVOL portfolio. The real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Columns (2) and (4) include the three Fama-French factors as controls. For quarterly regressions, standard errors are computed using both Newey-West (1987) and Hansen-Hodrick (1980) (TFP Growth) is the volatility of TFP growth that is implied by a GARCH model (see Table A1 of the Online Appendix). (Mkt-Rf), (SMB), and (HML) are the within-quarter volatility of the three Fama and French (1993) factors, which we compute using daily data. Vol-BM spread is the difference in book-to-market ratios between high idiosyncratic volatility and low idiosyncratic volatility stocks. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. (LMH-Vol Portfolio) is the difference in the average realized return volatility for stocks in the low volatility portfolio minus the average realized volatility in the high volatility portfolio, which we compute using daily data. The real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Columns (1)-(3) run the regression in levels. Columns (4)-(6) run the regression in quarter-on-quarter differences (i.e. four-quarter changes). Standard errors are computed using both Newey-West (1987) and Hansen-Hodrick (1980) with twelve lags for level regressions and six lags for the regression using Q-on-Q changes. We report the more conservative t-statistic of the two. * indicates a p-value of less than 0.1 and ** indicates a p-value of less than 0.05. All regressions have a constant, but we omit the estimates to save space. Data is quarterly and spans 1973Q2-2008Q4. Notes: This table reports annual return forecasting regressions of portfolios formed on idiosyncratic volatility. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Returns in the forecasting regression correspond to the low-minus-high IVOL portfolio. (LMH-Vol Portfolio) is the difference in the average realized return volatility for stocks in the low volatility portfolio minus the average realized volatility in the high volatility portfolio, which we compute using daily data. (TFP Growth) is the volatility of TFP growth that is implied by a GARCH model (see Table A1 of the Online Appendix). (Mkt-Rf), (SMB), and (HML) are the within-quarter volatility of the three Fama and French (1993) factors, which we compute using daily data. The real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Column (2) includes the three Fama-French factors as controls. Standard errors are computed according to Hodrick (1992 Table A1 of the Online Appendix). MktRf Vol, SMB Vol, and HML Vol are the within-quarter volatility of the three Fama and French (1993) factors, which we compute using daily data. Vol-BM Spread is the difference in book-to-market ratios between high idiosyncratic volatility and low idiosyncratic volatility stocks. Idiosyncratic volatility is defined as the residual volatility of returns after controlling for exposure to the Fama and French (1993) factors. For all NYSE, AMEX, and NASDAQ firms in CRSP, we compute idiosyncratic volatility at the end of each quarter using the previous sixty days of daily returns. We then form equal-weighted portfolios based on the quintiles of idiosyncratic volatility. Within each quintile, we compute the average book-to-market (BM) ratio. The Data Appendix contains full details on how we compute BM ratios. LMH-Vol is the difference in the average realized return volatility between the low and high idiosyncratic portfolios, which we compute using daily data. The real rate is the one-year Treasury bill rate net of one-year survey expectations of the inflation (the GDP deflator) from the Survey of Professional Forecasters. Standard errors are computed using both Newey-West (1987) and Hansen-Hodrick (1980) with twelve lags, and we report the more conservative t-statistic of the two. * indicates a p-value of less than 0.1 and ** indicates a p-value of less than 0.05. Data is quarterly and spans 1973Q2-2008Q4. Notes: Model moments are averaged over 1000 simulations of length 36 years. Simulations use a burn-in period of 20 years. Bold indicates a one-sided p-value > 0.05. One-sided p-values are computed as the percentage of simulations where the model moments is less than the data moment. The entries corresponding to the risk-free rate and equity risk premia report regression results. For instance, "Slope Risk-Free Rate on Book-Market" reports the estimated coefficient from a regression of the risk-free rate on the aggregate book-to-market ratio.
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